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ABSTRACT 
The relationship between stock retums and trading volume has interested 
researchers for many years. The theoretical explanation can be grouped into four 
categories: the sequential information arrival model, the mixture of distribution 
hypothesis, the tax- and non-tax-related motives for trading, and the noise trader 
model. Empirically, causality tests are employed to determine the causal directions 
between these two variables. In this thesis, daily series on Hong Kong data, consisting 
ofthe Hang Seng Index and indices for five constituents ofHSI over the recent 1986-
1996 period are used as illustration. It is found that the causal directions are different 
for the market index and individual firms. Time-varying serial correlation and 
heteroscedastic variance suggest the using of the GARCH modelling. Thus, the 
contemporaneous relationship between stock retums and volatility is studied by the 
ARCH/GARCH approaches with conditional t -distributed errors. The results for 
GARCH modelling are similar for the market index and for individual firms, while 
GARCH-in-mean models fit the data better which indicate a positive risk-retum 
relationship. Moreover, the integrated GARCH effect and temporal aggregation effect 
are examined, and they are statistically insignificant. Besides, forecasts of volatility, 
which is measured by the conditional variance in the ARCH/^GARCH models are 
generated. It is found that the predicted volatility are extremely high in October 1997, 
which is consistent with the Asian financial turmoil. All these findings provide useful 
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It is widely observed that stock price movements are associated with it's 
trading volume and future volatility. For example, Ying (1966) found that a small 
(large) volume was usually accompanied by a fall (rise) in price. Moreover, a large 
increase in volume was usually accompanied by either a large rise or a large fall in 
price. Gallant, Rossi and Tauchen (1992) found that sharp downward price 
movements were accompanied by high volume and associated with increased future 
volatility. Campbell, Grossman and Wang (1993) noted that volume tended to be 
higher when stock prices were rising than when prices were falling. In Hong Kong, it 
seems that an increase (decrease) in stock prices in general trigger a higher (lower) 
turnover in the 1980s and the 1990s, that is, trading volume is relatively heavy in bull 
markets and light in bear markets. Moreover, sharp downward price movements were 
associated with increased future volatility. These events suggest that strong inter-
relationships may exist among the stock returns, trading volume and the volatility of 
stock returns. 
As mentioned by Karpoff (1987), price-volume relation is important for 
several reasons. It provides insight into the structure of financial markets and is 
important for event studies that use a combination of price and volume data to draw 
inferences. Besides, the price-volume relation is critical to the debate over the 
empirical distribution of speculative prices and has significant implications for the 
research on futures markets. 
On the empirical front, previous studies on the stock return-volume 
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relationship were summarized by Karpoff (1987) and Gallant, Rossi and Tauchen 
(1992). Most studies documented a positive stock returns-volume relationship, see for 
example, Ying (1966), Rogalski (1978), Harris (1983), Wood, McInish, and Ord 
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(1985)，Jain and Jon (1988)，Lakonishok and Smidt (1989), Hiemstra and Jones 
(1994) and so on. Some of them argued that the relation between these two variables 
might be non-linear. Besides, there are several authors attempted to explain the retum-
volume relationship, they can be summarized as four groups. The first two are the 
sequential information arrival model (Copeland (1976), and Jennings, Starks, and 
Fellingham (1981)) and the mixture of distribution hypothesis (MDH) of Clark 
(1973), Epps and Epps (1976)，and Harris (1987). The third is the tax- and non-tax-
related motives for trading (Lakonishok and Smidt (1989)) and the fourth is the noise 
trader model (French and Roll (1986)). Actually, all these models are based on the 
basic underlying demand and supply conditions. 
On the other hand, the interest of studying of stock price volatility has been 
considerable for recent years. The estimated return volatility is usually used as a 
simple, albeit crude, measure of risk. Great changes in the volatility of stock retums 
have important negative effects on risk-averse investors. Moreover, changes in stock 
retum volatility can have important effects on capital investment, consumption, and 
other business cycle variables. Furthermore, as mentioned by Bae and Karolyi (1994), 
the ability to forecast financial market volatility is important for portfolio selection, 
asset management, the pricing of primary and derivative assets, as well as in 
designing optimal dynamic hedging strategies for options and futures. As volatility 
permeates modem financial theories and decision making processes, accurate 
forecasts of volatility are critical for the implementation and evaluation of asset 
2 
pricing theories. 
Merton (1980) criticized the failure of some researchers to account for the 
effect of changes in the level of risk on estimating expected retums. He suggested that 
" . . . t h e third and the most important direction is to develop accurate variance 
estimation models which take account of the errors in variance estimates . . ." With 
the introduction of autoregressive conditional heteroskedastic (ARCH) model by 
Engle (1982), a model for stock returns which specifically allows for changing 
conditional variance has been widely used. It was extended into the generalized 
autoregressive conditional heteroskedastic (GARCH) model by Bollerslev (1986). 
The conditional variance in the ARCH/GARCH models has been one widely 
acceptable measurement of volatility in stock prices (see for example, Pagan and 
Schwert (1990), Poon and Taylor (1992), Glosten, Jagannathan and Runkle (1993), 
and EngleandNg(1993)). 
The ARCH/GARCH models examine the relationship between stock retums 
and the increased volatility. This study of volatility dynamics are particularly suited 
for modelling the behaviour of financial time series, as these models are able to 
capture periods of tranquillity and volatility in the series. 
One of the most interesting features in stock retums is the "leverage" effect, in 
which good news and bad news have different predictability for future volatility 
which was originally motivated by the work of Black (1976) and Christie (1982). 
Failure to capture these features of retums behaviour may cause incorrect inference in 
tests of asset pricing relationships and can lead to the sub-optimal formation of 
derivative strategies. The exponential GARCH (EGARCH) model introduced by 
Nelson (1991) solved this problem as it might capture these asymmetric volatility 
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effects successfully and its significance was evaluated by Pagan and Schwert (1990)， 
Glosten, Jagannathan and Runkle (1993) and Engle and Ng (1993) in terms of 
systematic comparisons with different models. 
On the other hand, it is widely accepted that risk-averse investors require 
compensation (risk premium) for holding a risky asset. To determinate the risk 
premium for stocks, ARCH-in-mean (ARCH-M) models were introduced by Engle 
and Bollerslev (1986) and applied by Engle, Lilien, and Robins (1987), French, 
Schwert, and Stambaugh (1987), Bollerslev, Engle, and Wooldridge (1988), and 
Nelson(1991). 
Most empirical works on the topics about returns, trading volume and 
volatility in the U.S. stock market using ARCH/GARCH family have been very 
successful (see the summary of Bollerslev, Chou and Kroner (1992)). Although much 
research has been done for U.S. stock market, relatively little study has been done 
using Hong Kong data. One example is the work by Lee and Ohk (1991) who found 
strong ARCH effect in Hong Kong, Japan, Korea and Taiwan using daily data from 
1981 to 1988. 
With rapid economic growth since 1970, the Asian countries have played a 
more and more important role in the world economy and there have been remarkable 
developments in their stock markets. These stock markets have attracted international 
investments because of the remarkable economic growth in the region and their 
gradual opening up to overseas investors in their liberalization processes. Moreover， 
these markets provide additional diversification to international portfolios. 
The Hong Kong stock market bridges the time gap between those of North 
America and Europe. Moreover, strong links with China and other economies in 
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South-East Asia and excellent communications with the rest of the world help the 
territory to develop into an important international financial center. With a total 
market capitalization of 3476 billion Hong Kong dollars, 583 public companies were 
listed on the Stock Exchange of Hong Kong (SEHK) at the end of 1996. In terms of 
market capitalization, the SEHK was the seventh largest territorial stock market in the 
world and the second-largest stock market in Asia, after Tokyo. Besides Japan, Hong 
Kong is another market in Asian whose daily index retums have properties fairly 
similar to the U.S. daily index retums (Bailey, Stulz and Yen (1990)). 
The purpose of this thesis is to examine the causality relationship between 
trading volume and retums, and to provide an in-depth analysis of stock price 
volatility in the Hong Kong stock market --- one of the most open Asia markets. The 
empirical analysis is divided into two parts. The first part attempts to examine the 
causality relationship between retums and trading volume by using HSI (Hang Seng 
Index) and five HSI constituents, consisting of Cheung Kong (Holdings) Limited 
Company, Hang Seng Bank Limited Company, HSBC Holdings plc, Hutchison 
Whampoa Limited Company and Hong Kong Telecommunications Limited 
Company. In the second part, the contemporaneous relationship between large price 
movement and increased volatility will be studied by the ARCH/GARCH approaches. 
In addition, forecasts of volatility which is measured by the conditional variance in the 
ARCH/GARCH models will be generated. 
The organization of the thesis is as follows. Chapter two is a review of the 
existing literature on the relationship between retums, trading volume, and volatility 
of stock prices. Various theories are discussed. The methodologies for unit root tests, 
the selection of optimal lag lengths, and causality detection are provided in Chapter 
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three. The ARCH modelling framework and alternative ARCH/GARCH models are 
given in the same chapter. Data description, the main results of unit root tests, optimal 
lag length selection, causality tests and the estimation of ARCH/GARCH models and 
forecasts of volatility are presented in Chapter four. Finally, in Chapter five, we 
summarize and conclude the thesis. 
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CHAPTER TWO 
REVIEW OF THE LITERATURE 
The relationship between stock prices and trading volume has interested 
researchers for a number of years. In the first part of this chapter, both theoretical and 
empirical studies for this relationship are summarized. On the other hand, research on 
the volatility of stock retums has become more and more important recently. Studies 
on this research area are reviewed in the second part. 
Stock Retums and Trading Volume 
Many reasons are being put forward to explain the behaviour daily stock 
retums. Numerous studies (Fama (1970), Officer (1973), Fama and Gibbons (1982), 
Huang and Kracaw (1984), and Schwert (1989)) have linked the behaviour of the 
stock market to fundamental economic variables such as productivity, GNP, inflation, 
money growth, interest rate, unemployment, and many others. Fama and French 
(1989), Fama (1990), and Kandel and Stambaugh (1990) documented that expected 
stock retums were related to business cycles. They found that expected stock retums 
tended to be high when economic conditions were bad and low when economic 
conditions were strong, that is, expected stock retums were countercyclical. 
Price movements in stock market are caused primarily by the arrival of new 
information, they also depend on the process that incorporates the information into 
market prices. Theoretically, many variables such as the trading volume, the number 
of transactions, the bid-ask spread, or the market liquidity are all believed to influence 
stock retums (Schwert (1989)). Among all these variables, the causality relation 
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between stock returns and the trading volume is one of the most important research 
areas. 
Both stock prices and the corresponding trading volume are believed to 
respond promptly to the market information. Many studies (Lucas (1972), Clark 
(1973), Castanias (1979), and French and Roll (1986)) suggested the variability of 
stock market prices could be regarded as a measure of information flow. It is also 
widely accepted that volume can be employed as a proxy for the rate of information 
arrival. Naturally, daily trading volume is assumed to be positively related to the daily 
information arrival rate. On the days when no new information is available, the price 
evolves slowly and trading is slow (smaller trading volume). However, on days when 
new information flows to the market, trading activity increases (larger trading 
volume), and the price evolves much faster. As a result, price movement is related to 
trading volume. 
Beginning with Osbome (1959), the relation between stock prices and trading 
volume has been studied from a variety of perspectives. Previous empirical 
investigations have included the relationships between price indices and aggregate 
level of volume (Granger and Morgenstem (1964)); between contemporaneous 
absolute price change and volume (Godfrey, Granger, and Morgenstem (1964), Ying 
(1966)，Crouch (1970), Wood, McInish, and Ord (1985), and Jain and Jon (1988)); 
between price change and volume (Ying (1966), Westerfield (1977), Epps (1977)， 
Tauchen and Pitts (1983), Glosten and Milgrom (1985), Harris (1987), and 
Antoniewicz (1992)); between the causal relation of stock retums and volume 
(Rogalski (1978), Jain and Jon (1988), Smirlock and Starks (1988), Lakonishok and 
Smidt (1989), Gallant, Rossi and Tauchen (1992), and Hiemstra and Jones (1994)); 
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between the variance of price change and volume (Epps and Epps (1976)) and 
between squared price change and volume (Clark (1973)，Harris (1983), and 
Richardson, Sefcik and Thompson (1986)). The data for these studies have come from 
both equity and futures markets with the price change intervals ranging from the 
individual transaction level to two months. 
Most empirical findings on the price-volume relation supported positive 
volume-price correlation, either linear or non-linear. However, results of some studies 
indicated that the correlation between volume and the change in stock price was weak. 
From the theoretical perspective, the stock price-volume relationship had been 
the basis for modelling the distribution of stock prices, the tax- and non-tax-related 
motives for trading, informed trader and noise trader, as well as models of information 
arrival. These can be summarized as follows. 
Studies on the sequential information arrival model include Copeland (1976) 
and Jennings, Starks, and Fellingham (1981). In these asymmetric information 
models, new information flow into the market and is disseminated to investors one at 
a time. Using trading volume as a proxy for the rate of information arrival in the 
market, lagged trading volume could have predictive power for current absolute stock 
retums and vice versa. Copeland (1976) concluded that the relationship was positive 
and linear if a hypothesis of sequential information was valid. An inverse correlation 
would support the notion of simultaneous information arrival. 
Smirlock and Starks (1988) characterized the sequential information arrival 
model (SEQ) and the alternative simultaneous information arrival model (SIM) in 
terms of their different implications for the structure of the dependence between stock 
prices and volume. They argued that in the SEQ, there was the intermediate 
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equilibrium prior to the final complete information equilibrium, while in the SIM, 
there was only the final equilibrium. The implication is that with simultaneous 
information arrival, there is no information in the absolute value of past stock price 
changes that can be used in forecasting future volume that is not already contained in 
past volume. With the SEQ, past values of absolute changes in stock price provide 
information that may improve volume forecasts over forecasts based on past volume 
alone. The same implications hold for the relationship between past volume and future 
stock price changes. They found that average firm behaviour indicated a significant 
lagged relationship between absolute price change and volume in equity markets, and 
these results seem to indicate that information arrival to investors tended to follow a 
sequential rather than simultaneous process. 
An alternative model is to study the degree of association between price 
change per se and volume based on the distribution of stock prices. The mixture of 
distribution hypothesis (MDH) introduced by Clark (1973) belongs to this category. 
In Clarks (1973), trading volume is a proxy for the speed of information flow, it 
serves as a latent common factor that posits ajoint dependence of retums and volume. 
Using daily data from the cotton futures markets, Clark (1973) discovered positive 
correlation between the square of the price changes and aggregated volume. 
Epps and Epps (1976) followed this approach and developed a theory of 
financial markets based on a two-parameter portfolio model which assumed all 
investors receive information simultaneously. They classified investors as either 
buyers or sellers. They suggested that trading volume was used to measure 
disagreement between them as traders revise their reservation prices based on the 
arrival of new information into the market. The extent of disagreement between these 
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two groups of investors tends to increase with the absolute value of the overall 
average change in expectations which supported the notion of positive stochastic 
dependence between volume and security price change. Both their theory and 
empirical evidences supported positive stochastic dependence between volume and 
security price change. These findings were supported by Rogalski (1978), Tauchen 
and Pitts (1983), and Glosten and Milgrom (1985). 
Harris (1987) argued that the MDH implies a positive volume-difference price 
correlation if the conditional mean of stock price process was proportional to the 
number of information arrivals. The model specification of Andersen (1996) was 
generally consistent with the MDH for asset return, where daily returns-volume 
relationship following a stochastic volatility representation of the information arrival 
process. 
In Lakonishok and Smidt (1989), tax-related motives are associated with the 
optimal timing of capital gains and losses realized during the calendar year because of 
the presence of capital gains taxes. These motives suggest a negative correlation 
between past price changes and current volume in general. 
A number of non-tax-related motives could account for the generally positive 
relationship between past price changes and volume: re-balance incompletely 
diversified portfolios, trading strategies based on past prices, psychological motives 
that inhibit investors from realizing losses and so on. 
Noise trader models provide another explanation for the causal relation 
between stock retums and trading volumes. Noise traders do not trade on the basis of 
economic fundamentals as informed traders. Their trading decisions rely on the 
information of the past stock price movements. Since noise traders do not trade on the 
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basis of economic fundamentals, they impart a transitory mispricing component to 
stock prices in the short run, thus these "noisy" or speculative turnovers tended to 
destabilize market, while "informed" turnovers tended to stabilize market. 
A positive causal relation from stock retums to volume is consistent with the 
positive-feedback trading strategies of noise traders, for which the decision to trade is 
conditioned on past stock price movements (see Kyle (1985), and DeLong, Shleifer, 
Summers, and Waldmarm (1990)). Admati and Pfleiderer (1988) explored the 
implications for within-day and weekend volume and price movements of a model 
developed a model with informed traders and noise traders in the market. They 
interpreted the retums' pattem as evidence of trading on private information or noise 
induced by active trading as noted by French and Roll (1986). 
Volatility 
In theory, the volatility of retums depends on the same factors that affect the 
stock price. Volatility in stock markets which has important effects on investors for 
their investment strategies. 
One volatility measure is the variance of stock retums. Osbome (1959) 
modelled the stock price change as a diffusion process and argued that its variance 
depended on the number of transactions. Officer (1973) related the change in 
aggregate stock market volatility to the volatility of macroeconomic variables. 
Morgan (1976) suggested that volume was associated with systematic risk then to 
stock retum, so in all cases the variance of price change was positively related to 
trading volume. Black (1976) and Christie (1982) argued that financial leverage might 
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partly explain the stock market volatility. Glosten and Milgrom (1985) argued that the 
variance of the asset price was proportional to the square of the bid-ask spread. 
A number of studies (Merton (1980), French, Schwert, and Stambaugh (1987), 
Chou (1988), Bollerslev, Engle, and Wooldridge (1988)) related changes in stock 
market volatility to changes in the expected returns respond to stocks. Most of them 
found evidence that supported positive relationship between the predictable 
components of stock return and volatility. Schwert (1989) used monthly aggregates of 
daily data from 1885 to 1987 and found a positive relationship between estimated 
volatility and current and lagged volume growth rates in linear distributed lag and 
VAR models. His evidence supported that the stock retum volatility was higher 
during recessions and it increased with financial leverage. "Fads" or "bubbles" in 
stock prices would introduce additional sources of volatility. Schwert and Seguin 
(1990), Ng, Engle, and Rothschild (1992) showed that individual stock retum 
volatility was driven by market volatility, with individual stock returns' premium 
affected by the predictable market volatility. Masulis and Ng (1995) found evidence 
of ovemight information affecting daytime volatility. 
With the introduction of ARCHy^GARCH models by Engle (1982) and 
Bollerslev (1986), the conditional variance in the ARCHy^GARCH models has become 
a widely accepted measurement of stock price volatility (Lamoureux and Lastrapes 
(1990), Pagan and Schwert (1990)，Gallant, Rossi, and Tauchen (1992)，Tai (1992), 
Poon and Taylor (1992), Glosten, Jagannathan and Runkle (1993), Engle and Ng 
(1993)，Poon (1994)，Masulis and Ng (1995)，Donaldson and Kamstra (1997) and so 
on). 
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For example, Lamoureux and Lastrapes (1990) chose daily trading volume as 
a measure of the amount of daily information flowed into the market and put it in the 
ARCH conditional variance process (volatility) directly. They found that volume was 
strongly significant while past returns' shocks became insignificant. These results 
were highly suggestive that lagged squared residuals contributed little to the variance 
of the stock retums. Volatility was time varying and its degree of persistence was 
determined by its trading volume. 
Using GARCH models, Tai (1992) analyzed the determinants of Taiwan stock 
market volatility with emphasis on fundamental, institutional, speculative and 
manipulative factors. He found that there was some evidence that volatility was higher 
in bearish markets than in bullish markets. The prosperity of the stock market was 
expected to negatively relate with the variability of the stock prices. This was either 
because financial leverages tended to rise and caused retum volatility to increase in 
periods ofrecession, or investors' confidence tended to be lower in bearish markets. 
Poon and Taylor (1992) re-examined the relationship between retums and 
volatility in the U.K. from 1965 to 1989，where volatility estimates were obtained 
from monthly sample variances and ARCH models. They argued that the 1987 crash 
supported the popular hypothesis that lower than average retums induced more 
speculative activity and therefore increased market volatility. Inversely, a positive 
association was plausible and then the equity risk premium provided more 
compensation for risk when volatility was relatively high. 
Glosten, Jagannathan and Runkle (1993) examined the Center for Research in 
Security Prices (CRSP) value-weighted index of stocks on the New York Stock 
Exchange fMYSE) from 1951 to 1989. They found a positive but insignificant relation 
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between the conditional mean of the excess retum on stocks and volatility when the 
standard GARCH-M framework was used to model the stochastic volatility of stock 
returns. 
Empirical results ofPoon (1994) supported the positive correlation between 
stock retum volatility and stock volume by assuming information consists of public 
information and private information. He also argued that public information might be 
able to change price without changing trading volume so stock volume might be more 
closely related to the private information. 
Donaldson and Kamstra (1997) constructed a seminonparametric nonlinear 
GARCH model and evaluated its ability to forecast stock retum volatility in London, 
New York, Tokyo and Toronto. All these studies showed that the conditional variance 
in the ARCH/GARCH family has been widely accepted to measure the volatility. 
Although much research has attempted to theoretically model and/or 
empirically determine a contemporaneous relationship between stock retums and 
trading volume, in this thesis the causal relationship between these two variables will 
be studied for the following two reasons. First, although there has been much work for 
various aspects of the price-volume relationship, there has been little analysis using 
Hong Kong data. Second, if such a relationship does exist, it might be used as a tool 
to capture the arrival of information in stock market. On the other hand, volatility of 
stock retums will be examined. The most popular measure of volatility，the 
conditional variance in ARCEL^GARCH models will be employed. In the next chapter, 




Several test procedures are employed to help construct the ARCH/GARCH 
models. They include unit root tests, the determination of optimal lag length, and the 
causality detection method. We first discuss these tests and then examine the 
ARCH/GARCH modelling techniques. Finally, the integrated GARCH effect and 
temporal aggregation effect of the GARCH process are presented. 
Unit Root Tests 
Nonstationarity of time series has always been regarded as a problem in 
econometric analysis. The presence of nonstationary variables can result in a spurious 
regression, in which regression output "looks good" but without any economic 
meaning. Hence, before any sensible regression analysis can be carried out, it is 
essential to analyse the stationary properties of the series, that is, to identify the order 
of integration. 
One method to use the unit root test procedure was developed by Dickey and 
Fuller (1979, 1981), hereafter called the DF test. However, recent research (for 
example, Perron (1989), Zivot and Andrews (1992), and Raj (1992)) has cast some 
doubt on the previous conclusions, as the traditional Augmented Dickey-Fuller (ADF) 
test for existence of unit root does not consider the existence of structural break. When 
there are structural breaks, the DF test statistics are biased toward the non-rejection of 
a unit root. 
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The first modified test for unit root with a one-time exogenous structural break 
was developed by Perron (1989). He applied the method to the same data set used by 
Nelson and Plosser (1982) by assuming the structural break occurred at the Great 
Depression of 1929 or at the 1973-oil crisis. His tests rejected the unit-root null 
hypothesis for most of the series. Since this method specifies the structural change 
exogenously with the review of historical events, it may bias evidence in favor of the 
alternative flexible trend stationary hypothesis. On the other hand, Zivot and Andrews 
(1992) argued that structural breaks were endogenously determined. They developed a 
unit root testing procedure in which the breakpoint in the data was estimated rather 
than fixed and found that there was less evidence against the unit-root hypothesis for 
many of the series than the results of Perron indicated. Raj (1992) applied both of the 
tests to the output series of nine industrialized countries covering over a century of 
data. He found that some statistical evidence against the unit root hypothesis could be 
sensitive to the structural break if it was incorrectly specified. 
To examine the causality direction of the stock retums and trading volume, the 
causality tests will be applied in this study. All the methods used for causality 
detection necessitate that all the series under estimation are stationary. Thus, the 
stationarity properties of the series should be analyzed first. Zivot and Andrews's 
method (ZA method) test for a unit root with one endogenous break will be used in 
this study. The goal of the ZA method is to estimate the unknown one-time breakpoint 
in the trend function that gives the most weight to the flexible trend-stationarity 
alternative. 
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Lag Length Tests 
After checking the stationary properties of the series, the number of lags to be 
included in the regression for the causality test and ARCH modelling will be 
determined. The order of the vector autoregressive (VAR) k often plays a crucial role 
in empirical analysis. It should be chosen high enough such that the disturbances, s _， 
are not serially correlated. Besides, for the k chosen, the remaining sample for 
estimation should be large enough for the asymptotic theory to work reasonably well. 
The log-likelihood ratio (LR) test is employed to determine the optimal lag 
order of the bivariate model. The null hypothesis is the lag order of the VAR is k, 
against the alternative lag length of k + 1 for k = 0, 1, 2, . . ., k - 1. The maximized 
values of the log-likelihood function ( L L^, t 二 k + 1, k) for the VAR (k ) and VAR 
(k + 1) model are used to calculate the log-likelihood ratio: 
LRiJc..k + V) = 2�LLk“ - LL,). (3.1) 
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It is distributed asymptotically as a chi-squared distribution with m degrees of 
freedom under null hypothesis, where m is the dimension of the series. This LR test 
will be applied to both causality test and GARCH models selection. 
Other criteria for selecting the order of the VAR are Akaike Information 
Criterion (AIC) and Schwarz Information Criterion (SBC). 
Causality Detection between Two Series 
Two approaches are used to detect the causality relation between stock retums 
and trading volume in Hong Kong. They are discussed in this section. The intuition 
behind the test of causality is quite straightforward. Suppose the series x, Granger-
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causes y, , then the past values of x, are able to help predict future values of y,. For 
example, suppose trading volume Granger-causes stocks retums, the past values of 
trading volume are useful to predict the future values of stock retums. 
Let { X, ,y, }，t = 1, 2，. . .，T be a bivariate stochastic process. Granger (1969) 
defines that series x, does not cause y, if the linear predictor based upon y,，y^ _ , , . . 
.,X,, X, _j, . . . is the same as the linear predictor based upon y,, y, _j, . . . alone. This 
test is related to the idea of the impact of historical information of one variable on 
another. Thus, this methodology allows us to examine the historical feedback effect of 
one series on the other one as well. Hiemstra and Jones (1994) argued that causality 
tests could provide useful information on whether knowledge of past stock price 
movements improved short-run forecasts of current and future movements in trading, 
and vice versa. In order to find out the causal relationship between stock retums and 
trading volume in Hong Kong, we perform the Granger causality test using the 
procedures described below. 
Granger Test 
The empirical test of the Granger test procedure involves estimating the 
following equation: 
k k 
乂 = Jl^jy'-j + Z P y Xi-j + ^t ； (3-2) 
j= 1 7=1 
where a,_, p .，j 二 1，2,. . • k , are constant parameters; 
u, is white-noise; 
X, , y, are all stationary series. 
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The null hypothesis that x, does not Granger-cause y, is that p^ . = 0 for j = 1, 2, .•， 
k. 
The restricted model is therefore: 
k 
y, 二 Ziccyy,— + u, . (3.3) 
.i= 1 
The test statistic is the standard Wald F-statistic: 
尸—{ESSR - ESSU) / q . 
c _ ESSU / {T-p-q), . 
where q is the number of restricted variables; 
p is the number of variables in the restricted version; 
T is the total number of observations. 
Under the null hypothesis of x^ not Granger-causing y,, the computed F^ has 
F-distribution with q, T-p-q degrees of freedom. Values of p, q are chosen by the 
selection criterion given above. Rejecting the null hypothesis indicates that x, 
Granger causes y,. 
Similarly, in order to test whether 兄 causes x,，x, is regressed on past x, 
and past y,, and another regression is run with x, on past x, alone. A statistical 
insignificant F-statistic provided by these regressions suggests that y, does not 
Granger cause x, because the explanatory power of past 少,is insignificant. 
Log-likelihood Ratio Test 
Another approach used to test the causal link between two series in the study is 
the log-likelihood ratio (LR) test. In this approach, test dependence between two 
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series is performed first. Adopting the procedure developed by Caines，Keng and 
Sethi (1981)，the bivariate system (of order k) is a model of the form 
(^U M^12V^O e n s � 
= S/; (3.5) 
VM^21 M^22J{^J 
where v|/.,. is the polynomial of lag operator with the order being the chosen lag 
length k, s, is the vector of white noise. 
There are four possible models (hypothesis of causality relationships between 
returns and trading volume) which we call H。，Hj, H2, and H3, they are formulated as 
follows: 
Alternative hypothesis (feedback): 
U — (Vll Vl2) Ho = 
VV21 ^12) 
Null hypothesis 1 (independent, x,丄 _y,): 
H i = h • ] 
1 0 M 2^2j 
Null hypothesis 2 (not y^  => x^): 
u _ f V i i M ^ ) ii_2 二 
V 0 ^2iJ 
Null hypothesis 3 (not y^ <= x,): 
fv|/i, 0 ^ H3= Yii 
W21 V22； 
A stepwise causality detection procedure is applied to determine the 
endogeneity, exogeneity or independence between the two variables. The unrestricted 
bivariate autoregressive (AR) model is estimated first, and then the restricted bivariate 
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model excluding the cross coefficients is estimated. Two test statistics, Xi^  and jJ;, 
are performed to determine the dependence between the series y, and x,. LR test 
statistics, Xi^ is calculated by using the log-likelihood values of the bivariate AR 
2 
models. Xi statistics are formulated as follows: 
X2' = ( r - c ) ( l n | E R | - l n | Z u | ) ; (3.6) 
where Sy is the residual covariance matrix of unrestricted model; 
Z^ is the residual covariance matrix of restricted model; 
T is the total number of observation; 
c is the total number of estimated parameters. 
ARCH Modelling 
The main modelling approach used in this thesis is the autoregressive 
conditional heteroscedasticity/generalized ARCH (ARCH/GARCH) models of Engle 
(1982) and Bollerslev (1986). In conventional econometric models, the variance of the 
disturbance term is assumed to be both unconditionally and conditionally constant. 
However, it is widely documented that daily financial retum series display strong 
conditional heteroskedasticity. For series exhibiting volatility, the unconditional 
variance may be constant even though the variance during some periods is unusually 
large. As an asset holder, one would only be interested in the forecasts of the rate of 
return and its variance over the holding period. The unconditional variance would be 
unimportant if one plans to buy the asset at time t and sell at time t + 1. However, the 
conditional variance, i.e., the short-run forecast of the variance, is important for 
holding the asset for only a short period. 
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Given the importance of predicting volatility in many asset-pricing theories 
and portfolio management problems, many approaches of forecasting volatility have 
been proposed. The most popular one is the conditional variance in the 
ARCH/GARCH models. Empirically, the family of GARCH models has been very 
successful. Researchers have fruitfully applied the ARCH/GARCH methodology in 
asset pricing models. This framework had successfully captured the dynamic behavior 
of asset retum volatility in many prior studies of stock retums that were summarized 
by Bollerslev, Chou, and Kroner (1992). They concluded that the GARCH(1,1) model 
was preferred in many empirical studies for stock retums, for example, Chou (1988), 
Baillie and DeGennaro (1990), and Poon and Taylor (1992). 
In the GARCH(1,1) model, the effect of a retum shock on current volatility 
declines geometrically over time. This model has been advocated for stock retums in 
some U.S. studies and it provided a good first approximation to the observed temporal 
dependencies. A voluminous literature has emerged for modelling this temporal 
dependencies in financial market volatility using ARCH>^GARCH models and 
stochastic volatility type models (see, for example, Lamoureux and Lastrapes (1990)， 
Engle and Ng (1993), Poon (1994), Masulis and Ng (1995), and West and Cho 
(1995)). 
The ARCH/GARCH Models 
To elaborate the ARCH/GARCH modelling technology, suppose a series y^  
follows an AR(1) model, that is, y, is regressed on one lag value: 
y, = 9 y,-i + S/ ； (3.7) 
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where 9 is the constant parameter; 
y, _j is the one lag value of y,； 
s, is the errors. In general, s, are assumed to be conditionally normally 
distributed with zero-mean and conditional variance h^ in the ARCH/GARCH 
models: 
s, | ( s , _ i , s , _ 2 , . . . ) � N (0,",2) 
where s , _. is the residual at time t-i, i = 1, 2 , . . . . 
In the ARCH/GARCH models, the unconditional mean and variance of series 
乂 are unaffected by the presence of the error process s,，so is the conditional mean 
of s , . However, h) , the conditional variance of the prediction error s^, is not a 
constant (heteroskedastic variance), it is a function of other variables which will be 
explained later. 
GARCH models under the assumption of conditional normality are able to 
generate the characteristic that unconditional distribution of retums to financial assets 
exhibits fatter tails than a normal distribution. However, leptokurtosis is widely found 
in the conditional distribution. Morgan (1976) argued that the distribution of retums 
appeared leptokurtosis because the data were sampled from a mixture of normal 
distributions with different variances (the mixture of distributions hypothesis). Clark 
(1973) and Tauchen and Pitts (1983) argued that as information arrived in a random 
manner during a trading day, the close-to-close price of an asset could be described as 
a mixture distribution. 
Bollerslev (1987) concluded that the monthly retums to the S&P500 
Composite Index were better fitted with a GARCH model under the assumption of 
2 4 
Student-1 distributed errors. Hong (1988) rejected conditional normality claiming 
abnormally high kurtosis in the daily New York Stock Exchange stock returns. Engle 
and Gonzalez (1991) quantified the loss of efficiency of the Quasi-maximum 
likelihood estimator (QMLE) which falsely assumed normality. Because the retums' 
distribution may not be normal, the innovation s, is also tried to follow a conditional 
t -distribution with conditional variance h)_\ as: 
£/ I (s,_i,s,_2, . . • ) �t (0, hf) 
The degree of freedom parameter of the t -distribution is suggested to bound 
between 5 and 35 following the procedure of Masulis and Ng (1995). The lower 
bound is to ensure that the fourth moment of the t -distribution exists, and the upper 
bound is to present the need for computing very high factorial when evaluating the 
gamma function part of the density function of the t -distribution. Moreover, a t-
distribution with degree of freedom of 35 is very close to a normal distribution. 
The conditional variance of the time t prediction error in ARCH/'GARCH 
models, h), is a function of time, system parameters, exogenous and lagged 
endogenous variables, and past prediction errors. The model for h^, or the volatility 
of sequence y, takes the following different forms: 
(1) ARCH(;7)m0del ofEngle (1982): 
h f = a , + ± a ^ E l ； (3.8) 
/=i 
where a . , i 二 0，1，2, . . . p，are constant parameters; 
s , _,. is the residual at time t-i，i = 1，2,. •.; 
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/z/ is the conditional variance at time t conditioning on all information 
available at the exchange closing day t . 
By setting conditional variance of s, equal to a constant plus a weighted 
average (with positive weights) of past residuals (the realized values) of s ], ARCH 
models capture the volatility clustering in asset retums first noted by Mandelbrot 
(1963): ". . . large changes tend to be followed by large changes --- of either sign ---
and small changes by small changes . . ." This model assumes that a good statistical 
representation for movements in risk is that "risk tomorrow" is some weighted 
average of "risk" in earlier periods, that is，the predictable volatility depends on past 
news. Old news that arrived at the market more than p periods ago has no effect at all 
on current volatility. One limitation of ARCH model results from the non-negativity 
constraints on a,.， i= 0, 1, 2, . . . p. Moreover, to ensure the stability of the 
autoregressive process, it is necessary to restrict a,，i = 1，2, . . . psuch that 
0 < a . < 1. 
(2) GARCH(;?, ^)model ofBollerslev (1986): 
A,2=ao+ta,.s,2_,+;^P,_/z,2_,. ； (3.9) 
/=i /=i 
where a , , i = 0，1, 2,. . q and p,., i = 1，2,. . .p, are constant parameters; 
s , _. is the residual at time t-i, i = 1, 2 , . . . ; 
hf is the conditional variance at time t conditioning on all information 
available at the exchange closing day t . 
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In GARCH models, Bollerslev (1986) extended Engle's original work by 
developing a technique that allowed the conditional variance to be an ARMA process， 
that is, allowed both autoregressive and moving average components in the 
heteroskedastic variance. The coefficients a . andp. are also constrained to be non-
negative so that the conditional variance is always non-negative. Actually, the 
GARCH model is an infinite order ARCH model. The benefits of the GARCH model 
should be clear: a high-order ARCH model may have a more parsimonious GARCH 
representation that is much easier to identify and estimate. Thus fewer coefficient 
restrictions will be entailed in the GARCH model. 
(3) Absolute GARCH model, (AGARCH(p,W) ofHeutschel (1991): 
q p 
A/ = o C o + 2 > / | s ,_,|+ ^ P / h—丨； (3-10) 
/=1 /=1 
where a . , i 二 0, 1, 2, . . q and p,., i 二 1，2,. . . p, are constant parameters; 
s , _. is the residual at time t-i, i = 1，2,...; 
h, is the conditional standard deviation at time t conditioning on all 
information available at the exchange closing day t . 
The AGARCH model was proposed by Heutschel (1991). The main difference 
between the AGARCH model and the GARCH model is the former focuses on the 
absolute values of the past disturbances, that is, only the magnitude is important. 
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(4) Exponential GARCH (EGARCH(j!7,^)) model ofNelson (1991): 
logh^ = a o + X ^ , l o g ( / z ^ . ) + E P , - ^ + Z y ^ - / ^ 1 ； (3.11) 
/=i i=i V / /=i [ K-i [ k j 
where a , , i = 0, 1, 2, . . .p , p. and y , i = 1，2,. . . q, are constant parameters; 
s , _, is the residual at time t-i, i = 1，2,...; 
hf is the conditional variance at time t conditioning on all information 
available at the exchange closing day t and h, is the corresponding conditional 
standard deviation. 
One of the most interesting features in stock retums is the "asymmetric" or 
"leverage" effect, that is，the volatility of stock retums tends to fall when prices are 
rising and to rise when prices are falling. This phenomenon was originally motivated 
by the work of Black (1976) and Christie (1982). They suggested that a decline in 
stock prices increased leverage and then the expected retum on the stock in the future 
would be increased, so is the variance of the stock retum in the current period. 
Schwert (1989) argued that the leverage effect could be due to differential behavior on 
the part of informed traders after receiving good news over bad news. One potential 
cause of a greater reaction to bad news is that when the traders buy stocks, the arrival 
of negative news causes stock prices fall, which in tum triggers their selling activities. 
These studies showed that the ARCH and GARCH models could not capture this 
important feature of stock retums and suggested that a symmetry constraint on the 
conditional variance flinction in past was inappropriate. 
Nelson (1991) introduced an "exponential" GARCH (EGARCH) model 
overcoming the problems with symmetry and positive restrictions in the conditional 
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variance function associated with standard GARCH models. The EGARCH model is 
asymmetric because the level of s,_.//z,_. is included. This asymmetry constraint on 
the conditional variance function may capture the leverage effect as the EGARCH 
model allows good news and bad news to have different impacts on volatility, while 
the standard GARCH model does not. He also argued that the sign of excess retums 
determines future volatility quoting evidence. 
Recent works by Pagan and Schwert (1990), Glosten, Jagannathan, and 
Runkle (1993) evaluated the leverage effect in terms of systematic comparisons with 
different volatility models. Using Japanese stock retums, Engle and Ng (1993) found 
that negative shocks introduced more volatility than positive shocks and found that 
EGARCH model fitted the data the better. Bae and Karolyi (1994) also used the 
EGARCH model to characterize the impacts of both domestic and foreign retum 
innovations on volatility allowing the asymmetric effect. 
The GARCH-in-mean Model 
The GARCH-in-mean model (GARCH-M) was introduced by Engle and 
Bollerslev (1986). Suppose a series y^ follows an AR(1) model, now this series y, is 
expressed as: 
y , ^ y , - , + ^ K ^ ^ , ； (3.12) 
where 9 and 5 are constant parameters; 
y, _i is the one lag value of y,； 
8^  is the errors. Similarly, s, are assumed to be conditionally normally 
distributed with zero-mean and conditional variance h^: 
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s, | (s,_”s,_2,...)〜N (0,/z,2) 
where s , _,• is the error at time t-i, i = 1，2，.... 
In the GARCH-M model, hf , the conditional variance of s, , enters the 
equation of series y, as well. That is，the conditional variance is used as one of the 
regressors function of 乂 . As hf represents the market risk premium for expected 
volatility, 5 in the GARCH-M formulation is expected to be positive for a risk averse 
investor. 
The GARCH-in-mean models were first used in Engle, Lilien, and Robins 
(1987) and Bollerslev, Engle and Wooldridge (1988). The empirical findings about 
the linear relation between the conditional mean and the conditional variance of the 
excess retum on stocks are conflicting. Baillie and DeGennaro (1990) obtained the 
relevant GARCH-M parameter are positive. French, Schwert, and Stambaugh (1987) 
claimed to have found a positive relationship between expected retums and the 
predictable volatility of stock retums. Studies using GARCH-M model of the 
stochastic volatility in general supported for a zero or positive relation which were 
summarized by Glosten, Jagannathan, and Runkle (1993). They also showed a 
positive but insignificant relation between the conditional mean and conditional 
volatility of the excess retum on stocks using the standard GARCH-M framework. 
Other studies using alternative techniques had documented a negative relation 
between them. 
Using daily data between 1981 to 1988 of Hong Kong, Japan, Koreas, 
Singapore, Taiwan and the United States respectively, Lee and Ohk (1991) 
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generalized the ARCH-M model by including the MA(1) process for errors to fit the 
data and capture positive serial correlation in stock index retums. 
IGARCH (Integrated GARCH) Effect 
It is commonly found that when the GARCH model is applied to high 
frequency asset-price, shocks to variance are strongly persistent. Thus GARCH effects 
may measure the persistence in the arrival of new information. The GARCH model 
with integrated conditional variance was introduced by Engle and Bollerslev (1986), 
who argued that these models were both theoretically important for the asset pricing 
models and empirically relevant. As the high degree of volatility persistence suggests 
that financial market volatility is highly predictable. 
Theoretically, the sum of a and p in the conditional variance equation for a 
GARCH( p , q) model provides a measure for the persistence of volatility since 
expected future volatility decays toward the unconditional variance according to the 
equation: 
G : : — — ~ " ^ ^ ； (3.13) 
1 - 1 > , + 1 > , �/_=i /=i y 
q p 
If ^ a , . + ^ p , is smaller than 1，the influence of s , on a , w i l l die away 
/=i /=i 
q p 
exponentially. If ^ a , + ^ P , is close to unity, a positive "shock" at time t will 
/=i /=i 
continue to influence ¢7,2+,, in many future periods even these effects die down. If sum 
of them is equal to 1, a change in the current variance has a one-for-one effect on all 
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future expectations, a^ becomes infinite, so the retum series is not wide-sense 
stationary and the conditional variance follows an integrated process (Bollerslev 
(1 p 
(1986)，and Engle and Bollerslev (1986)). If ^ a , . + 2 ] p . > 1, the unconditional 
/=i /_=i 
variance is not defined. It will result a non-stationary (explosive) series in the 
conditional variance and the ARCHy'GARCH models will no longer be applicable. 
In general, GARCH effects were really measuring the persistence in the arrival 
of new information. Brock and LeBaron (1995) argued that persistent volatility was 
caused by traders experimenting with different belief systems based upon past profit 
experience and their estimates of future profit experience. Moreover, it was found that 
q p 
the value of ^ a - + ^ p . suggests that when the frequency of retums becomes higher, 
/=i /=i 
the series approaches an integrated series. 
Empirically, there are several studies using the IGARCH( p，q) model of 
Engle and Bollerslev (1986). French, Schwert, and Stambaugh (1987), who had over 
15,000 observations on daily log stock-price relatives, obtained a sum of the GARCH 
parameters to be .997. Chou (1988) found that the estimated sum of coefficients was 
very stable at around .95 for all of different retum horizons. All the U.S. series 
examined by Schwert (1989) over the period 1859-1987 were found to exhibit 
persistence in volatility with sum of the coefficients in the region of.8-.85. 
TemporalAggregation Effect of GARCHProcess 
GARCH models have been specified for data at different frequencies in 
applications. Chou (1988) re-estimated the GARCH(1,1) model for different return 
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horizons using retums over N = 5，20，50 and 250 trading days. He showed that 
temporal aggregation of the data reduced the measured persistence in GARCH 
models. Diebold (1988) found that conditional heteroskedasticity disappears if the 
sampling time interval increases to infinity. Drost and Nijman (1993) derived low 
frequency data by temporal aggregation ofhigh frequency data over a finite number of 
periods. They found that the low frequency conditional variance parameters generally 
depended on the mean, variance, and kurtosis parameters of the high frequency 
model; the orders of the low frequency GARCH process could be affected by 
properties of the high frequency conditional mean equation. 
In this thesis, in order to test whether the temporal aggregation of GARCH 
process exists, low frequency models are derived. Log-likelihood values and the 
integrated GARCH effects of the re-estimation of the ARCH/GARCH models for 
different "retum horizons" are obtained. They are reported in the next chapter. 
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CHAPTERFOUR 
DATA AND ESTIMATION RESULTS 
Data 
Data Description 
The data employed in the study are daily observations of the Hang Seng Index 
(HSI) supplied by the HSI Services Ltd. - the company compiling the index. The 
Hang Seng Index is a value-weighted market index composed of 33 constituent 
stocks. The original base day of the HSI was July 31, 1964, and the base day index 
was set at 100. With the introduction of the sectoral sub-indices, the base day has been 
changed to January 13, 1984, and the new base day value has been set at 975.47. The 
index is computed as follows: 
HSI = 100 * Total Market Value at Current Market Prices 
/ Total Market Value at Base Market Prices 
The constituents of the HSI are those stocks that are either large in both 
capitalization and turnover or can represent the specific industry, as all these variables 
are time varying, they therefore vary from time to time. There are now 3 constituent 
stocks in Finance sector, 8 in Consolidated enterprises sector, 11 in the Properties, 4 
in Hotels and catering, 4 in Utilities, and 3 in Miscellaneous at the end of 1996. A list 
of the constituent stocks is presented in Appendix. 
The HSI accounts for about 70% of the total market capitalization of the Stock 
Exchange of Hong Kong during the period under study. As the index is a weighted 
average of stock prices, one would expect the largest companies to trade frequently, 
only a fraction of stocks whose prices increase the most or decrease the most during a 
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given day, that is, the changes of the most actively traded shares. Daily data covering 
the period 2 April 1986 to 31 December 96，a total of 2667，are used in the estimation; 
the data from 1 January 1997 to 31 December 1997，a total of 242, are used for 
forecasting. 
Data of individual firms for the period 1 June 1988 to 31 December 1998 are 
collected on-line from Datastream，a U.K. incorporated data service company. The 
equity prices on Datastream programs are adjusted such that all of the retums are 
value weighted with dividend reinvested. The days without trading volume during the 
estimation period are excluded from the analysis. Similarly, data from 1 June 1988 to 
31 December 1996 are used for estimation and the data left are used for forecasting. 
In this study，I choose five representative constituent stocks of the Hang Seng 
Index that are large in both capitalization and turnover, they are listed in Table 1. The 
stock code assigned to each firm in Table 1 will be used in the study. 
Some background information of these firms are now provided. The Cheung 
Kong (Holdings) Limited Company (CHGK) invests both in Hong Kong and the 
Mainland, mainly on the property market. Besides, it also operates hotels and owns 
some retail properties. The investment portfolio of the Hutchison Whampoa Limited 
Company (HUTI) includes residential, commercial and industrial spaces, international 
terminals, retailing chains in Asia, transport infrastructure projects and so on. The 
Hong Kong Telecommunications Limited Company (TELE) is Hong Kong's major 
full service telecommunications provider, marketing a complete range of voice and 
data telecommunications services, targeting at two main markets - local and 
international. 
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The Hang Seng Bank Limited Company (HSBA) is the second-largest locally-
incorporated bank in Hong Kong. It is a principal member of the HSBC Group. 
HSBA's business focus is on Hong Kong, the Mainland and the Asian countries, and 
their major profits come from retail banking, corporate banking, and treasury services. 
The HSBC Holdings plc (HSBC) is one of the world's largest banking and financial 
services organizations with more than 5,500 offices in 79 countries and territories in 
1997. The businesses of HSBC are divided into several parts: investment banking, 
treasury and capital markets, insurance, services for financial institutions and global 
banking services. The reason for including both two banks in the study is to see if 
there exists any difference between them, as the Hang Seng Bank has strong domestic 
background while the business of the Hong Kong Bank is relatively internationally 
orientated. 
Table 1. Samples used in the study 
Data Code Sector Sample Period Estimation Forecast 
Sample Sample 
Hang Seng Index S ^ - 02/04/86-31/12/97~~"^ ^ ~ ~ 
Cheung Kong (Holdings) CHGK Property 01/06/88-31/12/97 2128 244 
Ltd. 
Hang Seng Bank Ltd. HSBA Finance 01/06/88-31/12/97 2129 245 
HSBC Holdings plc HSBC Finance 01/06/88-31/12/97 2123 245 
Hutchison Whampoa Ltd. HUTI Commerce 01/06/88-31/12/97 2126 244 
Hong Kong TELE Utility 01/06/88-31/12/97 2125 245 
Telecommunications Ltd.  
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Non-trading holidays are excluded from the sample in this study. The reasons 
for some loss of data include half-day trading on Wednesdays from May to July 1986, 
computer breakdown, Governor's death, half-day trading on the time of Christmas, 
New Year and Chinese New Year. The number of observations for firms are different 
due to trade suspension for special occasions such as merger, major asset transactions 
or major ownership changes. 
Data Transformation 
The close-to-close stock retums ( A P ) are computed as logarithmic price 
relatives: 
A P = l n ( P t / P t . i ) * 1 0 0 % ; (4.1) 
where P^  is the closing value of the HSI or stock prices at day t and ln(.) is the natural 
logarithm operator. Several average retums of HSI are also computed for different 
time intervals, including 2-day, 3-day, 5-day, 10-day，20-day, 1-weekly and Bi-
weekly average. Trading activity on the Hong Kong exchange is measured by 
turnover in HK$ (the dollar volume of trading), which uses as proxy for the market 
news shocks. Turnover has an upward trend in the 1980s. The growth of turnover may 
be partly due to technological innovations that lower transaction costs. 
Table 2 provides some summary statistics, including mean, skewness and 
kurtosis for the data employed in this study. Panel A is the summary for daily returns 
of HSI and those of five individual firms. Panel B presents the summary statistics for 
HSI returns series at different time internals. As the mean values of these series are 
the same, so they are not reported. 
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Table 2. Basic statistics for the samples used in the study 
Panel A. Summary statistics for HSI and five firms' retums 
Data Observation Maximum Minimum Skewness Kurtosis Coefficient 
of Variation 
H ^ .7978E-3 .0890 -.4054 -6.7404~~146.7108 21.2189 
CHGK .0011 .0998 -.3149 -1.9202 35.4616 18.6771 
HSBA .0011 .0824 -.1870 -.9827 14.6444 15.5697 
HSBC .9882E-3 .0813 -.1669 -.4533 12.0751 15.9828 
HUTI .9339E-3 .1142 -.3448 -2.2090 43.5955 22.0046 
TELE .3516E-3 .1141 -.1306 -.1113 8.9600 47.4560 
Panel B. Summary statistics for different time-interval retum series ofHSI 
Data Observation Maximum Minimum Skewness Kurtosis Coefficient 
ofVariation 
~ ~ D ^ 2 ^ .0890 -.4054 -6.7404 146.7108 21.2189 
2-day 1333 .0441 -.2617 -7.1635 139.1997 16.0661 
3-day 889 .0423 -.1523 -4.5854 67.6650 12.5153 
5-day 534 .0235 -.0812 -3.2851 30.4827 10.0820 
10-day 267 .0139 -.0555 -3.4670 33.0779 7.3024 
20-day 134 .0460 -.0280 -2.4175 32.6900 5.1786 
1-weekly 562 .0218 -.1179 -5.5480 66.8405 13.1918 
Bi-weekly 281 .0153 -.0464 .-2.5809 20.4893 7.0122 
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The theoretical value of skewness and kurtosis of a standard normal 
distribution are equal to zero and three respectively. From Table 2, it is obvious to 
observe that the skewness of all the series are negative indicating that the distribution 
of return series is skewed to the left. The extremely high kurtosis for all series imply 
that all the distribution of retum series have fat tails compared with the normal 
distribution. These properties suggest that the distributions of retums series (either 
HSI or firms) are not normal but leptokurtic distributed. The histograms of all retums 
series are plotted in Figure 1 which are consistent with these findings. Plotting the 
retum series with respect to time in Figure 2, it is found that the retum series is 
approximately zero with large fluctuations followed by large fluctuations and small 
fluctuations followed by small fluctuations. 
For the average retums of difference time intervals, it is observed that the 
longer time interval, the lower kurtosis and the coefficient of variation, and the 
skewness is closer to 3. This is mainly because that long-time interval average will 
"smooth" the fluctuation of the series. 
Unit Root Test 
Both Granger and LR tests for causal directions require the variables under 
study are all stationary, so I check the stationarity properties of the sequences. To 
avoid the pretest bias associated with Perron's method, I apply Zivot and Andrews's 
method (ZA method) to test for a unit root with one endogenous break in the study. 
The goal of the ZA method is to estimate the unknown one-time breakpoint Tj^  in the 
trend function that gives the most weight to the flexible trend-stationarity alternative. 
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The null hypothesis in the test procedure for a series y, is: 
y,=l^ +乂-1+A ； (4.2) 
The regression equations used to test for a unit root are: 
A j=^ i^4e^DU, ( ^ )4 -p ' t ^ ' y , _ ^+ f^c fAy ,_^+e , ； (4.3) 
/=i 
A^, = 1^ “+P “ t+ y “DT,� +a “ y,_, + J ^f〜一 + �； (4-4) 
/=i 
Ay,=^iC + e c ^ “ X ) + p c ^ Y � 7 ; ( X ) _ H ^ � _ i + J c , C A % _ , + e , ； (4.5) 
/=i 
where [i, 0，p , y , a and c are constant parameters; 
X = Tj^ / T , Tj^ is the chosen breakpoint, Tis the total number of 
observations; t is the time trend; 
BummyDUX^) = ^ if t>Tk, 0 otherwise; 
Dummy DT, {X ) 二 t -Tk if t>T X , 0 otherwise. 
Model 4.3 specifies the change in level alone while Model 4.4 specifies 
change in slope of the trend function, and Model 4.5 specifies changes in both the 
level and slope of the trend function. As including extra regressors of lag first-
difference with different order does not affect the size of the unit root test and only 
decreases its power (Schwert (1989)), lags of the first-difference, Ay,_^, are included 
only when the error term is not a white noise. 
Breakpoint Tj^  is selected by the point in the series that gives smallest test 
statistic for the null hypothesis. That is, X =TjJT is chosen to minimize the one-
sided r-statistics t^； {X), for testing the null hypothesis a'=0, i = A,B,C. Let 
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X inf denote a minimizing value for model i, then by definition, 
t^, A/inf =inf7a,(X),z' = J ,^ ,C,whereO<A^<l. 
The critical values for the asymptotic distribution of the test statistics are 
provided by Zivot and Andrews (1992) in Tables 2, 3, 4 of their paper. The null 
hypothesis of a unit root is rejected if r^ , '^；„^  < k^ (X^. If the smallest t -statistic 
for testing unit root occurs at 7^ is larger than the critical value, the null hypothesis is 
not rejected. Then the first difference of the series will be calculated and the same unit 
root test procedure should be applied to determine the order of integration of the 
series. 
Table 3 presents the estimated regressions for all of the series using ZA 
regression equations, t -statistics are in parentheses. The t -statistic associated with 
the coefficient of y,_^ is used for testing the null hypothesis of unit root existence. The 
null hypothesis of a unit root, a ' =0, is rejected if t^, {X) < k^ (X). The estimated 
coefficients and the corresponding t -values are summarized in Table 3. 
Table 3. Test of a unit root when there is a one-time structural break of unknown timing 
k 
Model 4.3: Aj;, =[i ^  4^ ^ DU, (A.)+p ^ r+a ^ y,_, + ^ cfAy,_, +e, . 
M  
S ^ T T^~~k iI e p a 
CHGK 2 l ^ ~ ~ 2 4 8 ~ ~ 1 ~~-.6255E-3 .0026 -.6528E-6 -.9543""" 
retum (-.4943) (1.6270) (-.77922) (-31.8976*) 
TELE 2125 245 0 -.0012 .0029 -.9974E-6 -.9986 
retum (-1.0961) (2.1440) (-1.4081) (-45.9949*) 
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Table 3 (Continued) 
- -
Model 4.4: ^y=\x^+^ ' t^y ^DT,(l)^^y,_,+J]cfAy,_,+e, . 
M  
Series T Tg k i^ P y a 
H ^ 2 ^ ~ ~ m ~ ~ i .0049 -.2565E-5 .9674E-5 -.1298E-5 
price (3.2752) (-1.3807) (2.9919) (-3.3668) 
— -
Model 4.5: A>；, =^i^'^ ^ DU, (:\.)+P ^t+ y ^DT, (A,)+a ^ ';;,_i +^ cfAj;,_j +e , . 
/ = i 
Series T f^"""k ^ 9 P y a 
~ ~ T m ~ ~ ~ 2 ^ ~ ~ 7 ^ ~ ~ 0 .0027 .0034 -.6077E-5~~~.5664E-5 -.9415""" 
retum (2.2109) (2.3829) (-2.2787) (2.0510) (-48.6884*) 
CHGK 2128 1926 1 .0018 .0025 .6205E-5 .1827E-4 -.2960E-3 
price (1.9045) (.8161) (2.6906) (.7492) (-2.9077) 
HSBA 2129 1425 0 -.2791E-3 -.0050 .8728E-5 .6173E-5 -.1809E-3 
price (-.3022) (-3.0618) (3.8104) (1.8046) (-3.7695) 
HSBA 2129 249 0 .0040 .0069 -.3617E-4 .3555E-4 -.9972 
retum (1.8134) (3.0152) (-2.3876) (2.3441) (-46.0134*) 
HSBC 2123 248 0 .7183E-3 -.0012 .5166E-5 .3392E-4 -.8722E-4 
price (.9962) (-.5244) (2.8691) (1.6732) (-2.9255) 
HSBC 2123 1921 0 .0025 .0047 -.2382E-4 .2377E-4 -.9997 
retum (1.2037) (2.1904) (-1.6802) (1.6745) (-46.0338*) 
HUTI 2126 793 0 .0036 -.0020 .4218E-5 .1017E-4 -.4370E-3 
price (2.0348) (-1.0215) (1.2489) (2.1013) (-3.1746) 
HUTI 2126 793 0 .0041 .0073 -.4069E-4 .4051E-4 -.97601 
retum (1.5571) (2.6147) (-2.2078) (2.1959) (-45.0313*) 
TELE 2125 1923 0 .0031 -.0012 .6335E-5 -.2684E-4 -.9194E-3 
price (2.8364) (-.4646) (3.3714) (-1.3048) (-3.5350) 
Note: The numbers in parentheses are the corresponding t -values, * significant at the 5% level. 
It is found that the unit-root null at 5% level for the Hang Seng Index and the 
five firms' price level cannot be rejected. For example, the smallest t - statistic ofHSI 
for testing unit root occurs at 7^ = 786. As t^s (x =786/2667)=-3.3668 is larger than 
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the critical value -4.42, so the null hypothesis is not rejected. Taking the logarithm of 
the first difference for the raw data，the unit-root nulls for these retum series are all 
significantly rejected. These results are identical to those of ADF tests. So we may 
conclude that all these series are all I(1). Similarly, I test the unit-root null for all of 
the turnover series and find that all these series are all I(0). 
Optimal Lag Length 
To examine the relation between stock retums and trading volume, number of 
lags included in the VAR regression for causality tests should be determined first. 
Comparing the LR test statistics, the largest lag 15, with significant chi-square 
statistic, is chosen for Hang Seng Index retums. This chosen lag has the highest value 
according to both the AIC and SBC. The optimal lags for all the series are 
summarized in Table 4. 
Table 4. Optimal lag length of the series 
Data HSI CHGK HSBA HSBC HUTI ^^^ TELE 
^ 3 i i i i 2 
AF 4 11 10 10 15 9 
APAV 15 14 14 13 14 11 
Break Point 787 248 249 1921 793 245 
Sub-period one 9 11 17 11 10 6 
Sub-period two 11 14 10 18 17 11 
Note: AP and AF stand for the first log-different of prices and turnover respectively; optimal lag 
length ofAP AV is determined by the VAR procedure that the two series are analyzed simultaneously, 
that is, the chosen lag length is the same for both the series; the chosen break point divides whole 
sample into two sub-samples, sub-period one represents the data from the beginning of the whole 
sample to the datum before break point and the data left are included in sub-period two. 
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Causality Detection 
To examine the relationship between stock retums and trading volume, I apply 
both the Granger and LR test. Values of p，q are based on the optimal lag length 
chosen for the VAR using AP AK . Estimation results are listed in Table 5. 
From Panel A of Table 5, we see the retums and the turnover of the Hang 
Seng Index are not independent. The causality runs from retums (AP) to turnover 
(AK) while no causality from tumover to retums. The F-statistic and the LR test 
statistic suggest that AK does not Granger cause AP because the explanatory power of 
past values of AF is not significant. The behaviour of the HSI, which represents about 
70% capitalization of the Stock Exchange of Hong Kong, is the summary of its 33 
constituents. Thus, the causality direction may not be the same as individual firms as 
the factors determining its behaviour are more complicated. 
Table 5. Causality Detection 
Panel A. Causality test of AP and AF : HSI data set (02/04/1986 to31/12/96) 
Test statistic Test statistic 
Hypothesis Causal direction and p -value and p -value Result 
H^ AP <^ AV ~ 
Hi AP 丄 A � j2 二 109.68 xi = 108.4750 reject H^ 
[.000] [.000] 
H2 not AP => AF F Statistic = LR test = reject H2 
5.8788 [.000] 87.7232 [.000] 
H3 not ^P ¢= ^V F Statistic = LR test = fail to reject H3 
1.3846 [.145] 20.9243 [.139]  
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Table 5. (Continued) 
Panel B. Causality Test Results for Individual Firms (01/06/1988 to 31/12/96) 
Causality Test statistic Test statistic 
Hypothesis direction and p -value and p -value Result 
Ho AP <=> A^ 
H^  AP 丄 AV xi^ = 43.84 X2^  = 43.3606 reject H!~~ 
[.029] [.028] 
CHGK H2 not AP =>AF F-statistic = LR test = fail to reject 
1.1319 [.324] 15.9984 [.313] 均 
L. J «- J “ 
H3 not AF => AP F-statistic= LRtest= reject H3 
1.9618 [.017] 27 6524 [.016]  
^ AP 1 AF xi^ = 48.88 X2^= 48.1825 reject H^~~ 
[.000] [.000] 
HSBA H2 not AP => AF F-statistic = LR test = fail to reject 
1.3243 [.184] 18.7065 [.176] 均 
H3 notAF=>AP F-statistic = LR test = reject H3 
2.1533 [.008] 3Q 3316[.007]  
H^  AP 丄 AV xi^ = 38.8851~~xi^= 38.7349 reject H^~~ 
[.050] [.051] 
HSBC H2 not AF => AV F-statistic = LR test = fail to reject 
.7078 [.757] 9.2954 [.750] 1¾ 
H3 not AV => AP F-statistic = LR test = reject H3 
1.7336 [.048] 22 6953 [.045]  
H^ AP 丄 AV xi^ = 32.94 X2^ = 32.4626~~fail to reject 
[.241] [.252] Hi 
HUTI H2 not AP => AV F-statistic = LR test = fail to 
0.7417 [.733] 10.4978 [.725] reject 1¾ 
H3 not AV => AP F-statistic = LR test = fail to 
1.5872 [.075] 22 4008 [.071] reject H3 
H^  AP ± AF xi^ = 33.9245~~~^2^ = 33.8104~~do not reject 
[.050] [.051] Hi 
TELE H2 not AP => AV F-statistic= LRtest= fail to reject 
0.6128 [.819] 6.8008 [.815] 1¾ 
H3 not AF => AP F-statistic = LR test 二 reject H3 
1.9123 [.034] 21.1501 [.032]  
Note: The numbers in brackets are the corresponding p -values. 
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In contrast, causal relations between AP and AV for individual firms are not 
the same as those for the HSL In general, stock retums and trading volume are 
dependent except for the HUTI. The causality runs from AV to AP while no causality 
from AP to AV . This may be due to the similarity of the companies. Although they 
belong to different industries, they have some common features, for example, solid 
foundation, substantial capital assets, diversified income sources, and balanced 
development portfolio. As a result, it is not surprising that similar causality directions 
between stock retums and turnover are found for the five firms. 
The main factor that contributes to the difference between the firms and the 
HSI may be due to the significant role these stocks play in the market. The firms with 
the exception of the HUTI account for about 18% of turnover and 27% market 
capitalization for the whole market in 1996. Specifically, the turnover of HSBC 
accounted for 8% of the total in 1996. For example, if the trading volume of HSBC 
increases sharply for some reasons, it would cause the HSI to fluctuate and then to 
stimulate the trading of the remaining stock, and subsequently different causal 
directions between stock retums and trading volume could result. 
To test whether the causality relation is sensitive to the sample under 
estimation, I divide the data into two parts by the chosen breakpoints of Table 3. The 
optimal lag lengths for the two sub-samples have been given in Table 4. It is observed 
that the causality relations for most of the series are robust, especially for the direction 
whether AV causesAF. These results are summarized in Table 6. In general, the 
estimated results for the causal directions are robust. 
4 6 
Table 6. Causality test summary 
Data Whole Causality Sub-sample Causality Sub- Causality 
Sample Test Result one Test Result sample two Test Result 
~ H ^ AP => AF AP => AV AP => AV 
2667 not AV => AP 1-787 not AV => AP 788-2667 not AV => AP 
CHGK not AP => AV not AP => AV not AP => AV 
2128 AV => AP 1-248 AV=> AP 249-2128 AV=> AF 
HSBA not AP 二> AV AP => AV not AP => AV 
2129 A F = > AP 1-249 A F = > AP 250-2129 AV=> AP 
HSBC not AP => AV not AP => AV not AP =>AV 
2123 AV=> AP 1-1921 AV=> AP 1922-2123 AV=>AP 
HUTI 
2126 AP 丄 A � 1-793 AF 丄 AF 794-2126 AP 丄 AP^ 
TELE not AP => AV not AP => AF not AP =>AV 
2125 AV=> AP 1-245 not AV=> AP 246-2125 AV=> AP 
The causality results are useful in this study. As the trading volume of some 
firms Granger cause its retums, the past values of trading volume can be used to 
forecast the future value of the retums of this firm. The details will be introduced in 
the following modelling approach — GARCH modelling. 
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GARCH Modelling 
Preliminary Testing for HSIReturns 
There are several characteristics which suggest the using of ARCH models in 
the errors. First, the modified Box-Pierce statistics in Panel A of Table 7 for the 
returns (AP) and for the squared-retums (Ap2) are all highly significant indicating the 
possible presence of time-varying risk premiums and time-varying volatility. Second, 
it is found that the OLS (Ordinary Least Square) estimation residuals s, ofthe AR(1) 
model for the HSI retums exhibit serial correlation which are presented in Panel B of 
Table 7. As the autoregressive component of the variance function of the 
ARCH/GARCH models can clearly capture the persistence to shocks, it is suitable to 
capture the predictability in s, • Third, lagrange multiplier (LM) test procedure 
proposed by Engle (1982) for testing the ARCH effect is used. The test involves two 
A 
steps. First, the OLS residuals s ] o^ s of the AR(1) model for the HSI retums are 
A 
obtained. Then s ] o[s is regressed on a constant and its own lagged values with 
different orders: 
A A A 
e ],oLs = a �+ oc, s ]_, ois + . . . + « " e ,^-p,ois + �； (4.6) 
where e, is white noise. The null hypothesis of no ARCH effect is 
ai=cc2=." = ocp=0. Significant test statistics will reject the null hypothesis and 
support the using of the ARCH/GARCH models for the series. The test results 
reported in Panel C of Table 7 also support the using of the ARCH/GARCH models 
for the variance processes of the stock retums. 
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Table 7. Preliminary test results for HSI returns 
Panel A. Modified Box-Pierce (Ljung-Box-Pierce) Statistics (Chi-square) for HSI 
Lag order~~1 2 3 4 5 6 7 8 9 To U I T " 
^ 9.56 9.70 25.7 25.8 25.8 28.4 36.3 42.0 46.3 47.2 53.3 53.9 
p - v a l u e .002 .008 .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 
^ 2 27.2 27.4 29.9 30.4 30.5 30.5 32.5 33.3 38.5 40.5 41.0 41.0 
;7-value .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 .000 
Panel B. Test statistics and p -values for serial correlation 
Ho： No serial correlation in residuals (OLS case) 
L ^ 1 2 3 4 5 6 
CHSQ test statistic""".083943~~3.4034"""18.2208~~18.3845~~18.5333~"22.8556 
p-w2ilviQ .772 .182 .000 .001 .002 .001 
L ^ 7 8 9 fO n l2 
CHSQ test statistic 31.5606 37.0672 40.3827 40.7578 45.1620 46.5193 
;;-value .000 .000 .000 .000 .000 .000 
Panel C. Results for testing the ARCH effect 
Ho： Homoscedasticity (i.e. no ARCH effect) 
L ^ 1 2 3 4 5 6 
CHSQ test statistic~42.7830~~42.7960~~45.2501~~45.3611~~45.3867~~45.3744 
;;-value .000 .000 .000 .000 .000 .000 
L ^ 7 8 9 To n l2 
CHSQ test statistic 47.3846 47.6662 53.7106 54.2137 54.4129 54.4708 
;;-value .000 .000 .000 .000 .000 .000 
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To test robustness of the estimation results, I divide the whole data set into 
sub-samples: 1984-1987 and 1987-1996 based on the breakpoint chosen by the ZA 
method. The pre-crash period is 4 June 1984 to 4 June 1989. The post-crash period 
starts with 5 June 1989 and extends through 31 December 1996. Analysis of the two 
sub-sample data sets gives the same results, that is, the conditional variance is not 
constant. 
GARCHEstimationfor HSIReturns 
To begin the model specification, the dynamic behavior of mean retums must 
be characterized. Based on the results of ACF (autocorrelation function), PACF 
(partial autocorrelation function) and causality test, an AR model is selected to 
represent HSI retums series following the procedure in Schwert (1989). Table 8 shows 
the test statistics for selecting the lag length ofHSI retums in the AR function. 
Table 8. Test statistics for selecting lag length ofHSI retums 
Regress AP on AP(-1), AP(-2) and AP(-3) for daily HSI retums: 
Log-L Assuming a Ho： Integrated Coefficients Hg： AP(-2) = 
ARCH-Models t -distribution Wald-test AP (-3) = 0 
Wald-test 
GARCH(U) l W l 39.6361 5.14541 
[•000] [.076] 
GARCH(1,1) 7976.4 50.5194 4.4953 
-in-mean [-000] [.106] 
GARCH(0,2) 7919.0 34.3838 10.7820 
[.000] [.005] 
GARCH(l,2) 7965.6 - 4.9715 
[.083] 
Note: The numbers in brackets are the corresponding p -values. 
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Most of all the statistics do not reject the hypothesis that only one lag should 
be included. This result is consistent with the AR(1) model used by Akgiray (1989) 
and Donaldson and Kamstra (1997). Thus the HSI retums follow an AR(1) process: 
AP = 9 AP( - l )+s , . (4.7) 
The only difference between GARCH model and GARCH-in-mean model is 
in the equation of AP . In the HSI retums model, retum series AP not only depends on 
AP(-1) b u t a l so o n h)—�: 
A P = ( p A P { - l ) + 6 h l , + e , ； (4.8) 
where /z/_, is the conditional variance at time f - 1 . The structural specification of the 
error s, is assumed to be conditionally normal distributed with zero-mean and 
conditional variance hf: 
S, | ( S / - l , S , _ 2 , - . . ) ~ N (0，/z,2) 
Since the distribution of the retums may not be normal, an alternative 
assumption for the errors, is that they follow a conditional t-distribution with zero-
mean and conditional variance hf as: 
s, I ( s , _ i , s , _ 2 , . . . � � t (0, h^) 
The speed of convergence for maximum likelihood estimation is affected by 
the assumption for the distribution of the error s, . Given the same arbitrary initial set 
of parameter values to start the iterating process, the models under t -distribution will 
converge at a significantly faster speed than those under normal distribution. The 
estimated log-likelihood values for different model specifications under t -distribution 
are also significantly higher than those under normal distribution. Moreover，the 
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estimated results of ARCH/GARCH models show that the estimated degree of 
freedom of t -distribution for different models are all around 5-10, indicating a 
rejection of the conditional normal distribution hypothesis in favour of a more 
leptokurtic conditional t -distribution. 
Several GARCH model specifications have been fitted to the HSI daily returns 
covering the period 2 April 1986 to 31 December 1996 using maximum likelihood 
procedures. The resulting maximum log-likelihood (log-L) values reported in Panel A 
of Table 9 show that all models with conditional t -distributed errors have larger 
values of log-L than their normally distributed counterparts. The differences between 
the values of log-L are statistically significant. Besides, it is found that the 
GARCY[{p,q) models with p + q > 4 are very unstable and strongly influenced by 
the starting values. Thus, GARCH models with p + q > 4 are excluded. 
GARCH( p, q) models with p + q < 4 are then tried, and it is found that the benefit 
of including additional parameters beyond p + q - 2 is quite small. Hence, models 
with order p + q > 2 are also excluded for other series. 
Based on log-L values in Panel A of Table 9, AGARCH(l,l)-M and 
EGARCH(1,1) models with conditional t -distributed errors perform better than other 
models for HSI retums. Panel B of Table 9 provides the likelihood ratio (LR) test 
statistics ofthe estimated models. These two models are significantly better than other 
models except the GARCH(l,l)-M model. Panel C of Table 9 reports the estimated 
coefficients ofGARCH(l,l)-M, AGARCH(l,l)-M and EGARCH(1,1) models, all the 
estimated parameters are significant. 
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Table 9. Model estimation for HSI retums 
Panel A. Maximum log-likelihood values for several GARCH models 
Model GARCH(0,1) GARCH(0,2)~~GARCH(0,3) GARCH(l,2) GARCH(2,1) 
~ ~ N 7504.5 7611.8 7646.6 Not Applicable 7784.0 
t 7884.4 7919.1 7936.2 7968.4 7970.5 
Model GARCH(1,1) GARCH(1,1) AGARCH(1,1) AGARCH(1,1) EGARCH(1,1) 
-in-mean -in-mean 
N 7773.3 7783.8 Not Applicable 7756.9 7825.6 
t 7968.2 7978.1 7966.9 7978.6 7981.4 
Panel B. LR test statistics of the estimated GARCH models with t -distributed errors 
Null Hypothesis~~GARCH GARCH GARCH~~GARCH(1,1) AGARCH(1,1) 
(1,2) (2,1)^ (1,1) -in-mean  
~"AGARCH-M 20A ； 16.2“ 20.8'， 1 23.4” 
EGARCH 2 6 " 21.8" 26.4" 6.6* 2 9 " 
Panel C. Estimated coefficients of GARCH models with higher log-L values 
Model cp 5 ^ ^ ^ y^ D.F. of 
t 
GARCH TTm 4A^ .0155E-4 l 4 l 3 ^ ^ - 5.1514 
( l , l ) -M 
5.3793 4.5793 - 6.3538 40.9264 - 10.6465 
t -ratio [.000] [.000] [.000] [.000] [.000] 
AGARCH WTl 5 ^ 6 ^ .0671E-3 .1226 .8573 - 5.0550 
( l , l ) -M 
4.5132 4.6991 4.7086 7.0088 40.3693 - 10.9551 
t -ratio [.000] [.000] [.000] [.000] [.000] [.000] 
EGARCH T ^ - ^ V ^ .9257 -.0943 .2610 5.5356 
(1,1) 
10.3389 - -5.0776 60.0245 -4.5795 7.9969 10.0997 
t -ratio [ .000] [ .000] [ .000] [ .000] [ .000] [ .000] 
Note: "N" model with an error structure follows normal distribution; “ t “ model with an error structure 
follows Student-1 distribution. • significant at the 5% level and ** significant at the 1% level. The 
numbers in brackets are the corresponding p-values. 
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Following the procedure in Drost and Nijman (1993), we test whether the 
temporal aggregation effect of GARCH process exists. The models with low 
frequency (2-day, 3-day, 5-day, 10-day and weekly, bi-weekly) data are constructed 
and estimated. Panel B of Table 1 has provided some summary statistics for the 
transformed data. Similar to the daily HSI retums analyzed above, all the series 
convey strong positive shewness and high levels of kurtosis. The autocorrelation 
coefficients, on other hand, indicate strong persistence of volatility shocks for 
different retum horizons. The re-estimation of the ARCH/GARCH models for 
different retum horizons are reported in Panel A of Table 10, where the models under 
t -distribution with largest log-L value for different retum horizons are presented. The 
corresponding estimated coefficients are shown in Panel B of Table 10. 
Table 10. Model estimation for different retums horizons ofHSI 
Panel A. Three GARCH models with higher log-L values 
Daily 2-day 3-day 5-day 1-weekly 10-day Bi-weekly 
Model 1 ~~~EGARCH~~AGARCH~~AGARCH~~AGARCH~~GARCH-~~EGARCH- GARCH-M 
-M -M -M M M 
Log-L 7981.4 4343.1 3042.6 1938.0 2024.8 1038.5 1096.9 
Model 2~~AGARCH~~EGARCH- EGARCH-~~GARCH-~~AGARCH~~AGARCH~~AGARCH-
-M M M M -M -M M 
Log-L 7978.6 4341.4 3041.8 1936.7 2024.4 1038.0 1095.7 
Model 3~~GARCH-~~EGARCH~~GARCH-"""EGARCH~~~GARCH"""EGARCH GARCH~" 
M M 
Log-L 7978.1 4334.2 3039.5 1929.1 2020.0 1031.5 1089.7 
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Table 10 (Continued) 
Panel B. Estimated coefficients for models of different time interval HSI retums 
Model 9 5 oCo a , Pi y, D.F.of 
t 
~~2-~~AGARCH~~;o^~~"11.0841 .6230E-3""".1119 .8520 - 5.2824 
day ( l，_ 
t - 1.9104 4.4475 4.7026 5.9637 38.6626 - 8.0355 
ratio [ .056] [ .000] [ .000] [ .000] [ .000] [ .000] 
T " " " A G A R C H ~ ~ ; o ^ ~ ~ 1 5 . 7 6 6 7 .8991E-3~~.1117 JWl - 4.7354 
day (l，l)-M 
t- 1.8981 4.2569 3.6845 4.3571 20.0486 - 6.7749 
ratio [ .058] [ .000] [ .000] [ .000] [ .000] [ .000； 
~T~~AGARCH~~]^5I~~25.8369 .7617E-3~~.1170 .8045 - 4.2392 
day (l,l)-M 
t - .0073 61.3128 .5403E-5 .0011 .0053 - 1.9404 
ratio [ .994] [ .000] [1.00] [1.00] [ .996] [ .053: 
~ " T - GARCH ;09^~~~15.7747 .8292E-5~~.0624 .7602 - 4.5746 
week (l,l)-M 
t - .0188 34.0031 .1909E-7 .0084 .0125 - 2.5652 
ratio [ .985] [ .000] [1.00] [ .993] [ .990] [.011] 
"T^~~EGARCH~~;o333~~40.1500~~-2.9272 .7253 -.0100 ~~.0898 4.3716 
day (l，l)-M 
t - .5306 3.1736 -1.5099 3.9490 -1.0286 1.0810 4.0214 
ratio [ .596] [ .002] [.132] [ .000] [.305] [.281] [ .000] 
~ ~ m - GARCH ;o!^"""43.0837 .1240E-4~~.13921 .3562 - 5.6901 
week (l,l)-M 
t - .0138 136.839 .0000 .0060 .0199 - 7.2733 
ratio [ .000] [ .000] [1.00] [.995] [ .984] [ .000] 
Note: The numbers in brackets are the corresponding p -values. 
The best models in most cases are AGARCH(l,l)-M and GARCH(l,l)-M and 
EGARCH(l,l)-M models. Besides, the log-L values for high frequency data are 
significantly higher than those for the lower frequency data. The statistical 
significance of all the parameter estimates increase with the frequencies of data. This 
may be mainly due to the fact that as sample size increases, the power of tests 
increases. Furthermore, the differences in log-L under ^-distributed errors and under 
normal distribution are largest in daily retums estimates and the smallest in bi-weekly 
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average of the returns estimates. This is more likely to be caused by the increase in 
return horizon that "smooth" the fluctuation in retums. In general, EGARCH model 
fits the data slightly better than standard GARCH by comparing the log-L values. The 
leverage for all the series are all negative which is similar to the results found by 
Nelson(1991). 
Estimation Results for the Firms'Returns 
To show the performance of individual firms, I apply the same estimation 
procedure to data for the five representative firms. Different GARCH models are 
estimated and the alternative error specifications are the same as those in the HSI 
return model. The conditional mean equations for each firm are presented in the 
second row of Panel A in Table 11, which are also based on the performance ofthe 
ACF and PACF, the results of causality tests and r-values of the estimated 
parameters. Some of the firm's retums follow AR(1) process, some of them are 
regressed on the lag of the AF . Actually, I have try several model specifications for 
the retums and apply LR tests, those models with significant t -statistics in the 
parameters are chosen. 
The estimation results for firms show that the differences in maximum log-L 
values of models with conditional ^-distributed errors and the normally distributed 
counterparts are also very significant. Panel A of Table 11 summarizes the model 
estimates under conditional t -distributed errors for the five individual stock retums. 
Three most well-behaved model specifications and their corresponding log-L values 
are presented. The GARCH-M models produce higher log-L values and significant 
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estimated coefficients in all cases, while EGARCH-M model's coefficients are 
insignificant although they are high in log-L values, so they are not reported. 
Table 11. Model estimation for retums of firms 
Panel A. Three GARCH models with higher log-L values 
CHGK HSBA HSBC HUTI T E L E ~ 
Regressor in AP(-1) AF(-1) AV{-l) AP(-l) AF( -1 ) """ 
Mean Function  
Model 1 GARCH-M~~~EGARCH-M~~EGARCH-M~~AGARCH-M"""GARCH-M 
Log-L 5651.7 6002.8 6063.8 5615.7 5872.1 
Model 2 EGARCH-M~~~GARCH-M~~AGARCH-M EGARCH GARCH~~ 
Log-L 5649.2 5996.7 6062.2 5615.1 5871.7 
Model 3 GARCH EGARCH GARCH-M GARCH-M~~EGARCH-M 
Log-L 5648.0 5996.3 6060.9 5614.6 5870.7 
Panel B. Estimated model with significant coefficients for each firm 
Model 9 5~~ ^ ^ ^ D.F. of 
t 
CHGK~~GARCH- AAVf9 2.7413 .2035E-4""".12619 .81501 7.4557 
M 
t -ratio 4.8417 2.6980 - 6.3932 49.0383 6.7613 
[.000] [ .007] [ .000] [ .000] [ .000] 
HSBA~~"GARCH-~~.0014528 3.8094 .9891E-5 ~~.13210 .84419 4.4869 
M 
t -ratio 3.1265 3.5259 - 5.2057 46.4332 9.4030 
[ .002] [ .000] [ .000] [ .000] [ .000] 
HSBC~~~AGARCH- .0018262 3.1499 .3657E-3~~.071381~~~.92526 4.3203 
M 
t -ratio 3.1666 2.6217 4.4857 6.0837 86.6869 10.2236 
[.002] [ .009] [ .000] [ .000] [ .000] [ .000] 
HUTI~~AGARCH-~~.045440 z l w .5459E-3~~~.086791~~.90599 5.3076 
M 
t -ratio 2.0585 2.1443 4.0959 6.2738 62.8450 9.0469 
[ .040] [ .032] [ .000] [ .000] [ .000] [ .000] 
TELE GARCH-~~.7040E-3 ^ 9 8 ^ .4811E-4~~.15462 .67515 5.0480 
M 
t -ratio 1.3790 .85894 - 5.4565 27.1033 9.4935 
[.168] [ .390] [ .000] [ .000] [ .000] 
Note: In all o f the models listed above, p = g = l. The numbers in brackets are the corresponding p-
values. 
57 
The IGARCH (Integrated GARCH) Effect 
Integrated GARCH (IGARCH) effect (the persistence in volatility) is tested 
for all the data sets. The estimation for the existence of the temporal aggregate effects 
using the different time frequencies of HSI retums are summarized in Panel A of 
Table 12. Panel B of Table 12 summarizes the test statistics for IGARCH effects of 
individuals firms. 
It is found that the IGARCH effects in general do not exist in the data, 
especially for the low frequency series. Results of the GARCH(1,1) models for the 
HSI average retums over longer horizon suggest that there is less volatility 
persistence: the estimated coefficients a，P are generally significant but smaller in 
magnitude than those for the high frequency data. Panel B presents the testing results 
for individual firms. It is found that the sums of the estimated coefficients are in the 
region of .82-.99, which are very close to unity. However, the corresponding Wald 
statistics, distributed asymptotically as a % with one degree of freedom, also strongly 
reject the IGARCH effect in general. 
Table 12. Test for the IGARCH effect 
Panel A. HSI retums at different time frequencies 
Daily 2-day 3-day 5-day 1-week 10-day Bi-week 
Log-L 7 9 ^ 4 m 7 SMTO r 9 2 ^ 2020.0 1030.7 1089.7 
a + p .93066 .92106 .88044 .8659 .843537 .790337 .54328 
^2_value 40.6423 41.9139 38.7207 21.5122 36.4713 18.9794 31.4988 
58 
Table 12 (Continued) 
Panel B. Firms' retums 
C M K H ^ HSBC HUTI TELE 
~ E S ^ T ! 6 4 ^ 5989.7 6057.1 5612.0 5871.7 
a + p .94476 .98232 .972337 .96008 .82853 
X^-value 43.3279 2.2167 15.2288 29.5789 86.9865 
Note: The numbers in brackets are the corresponding p-values. 
Forecasting 
As changes in the volatility of stock retums have important effect on the risk-
averse investors for their portfolio selection, asset management and the design of 
optimal dynamic hedging strategies, so accurate forecasts of volatility are critical. 
Out-of-sample forecasts of the conditional variance for all of stock retums series 
between 1 January 1997 to 31 December 1997 are generated in this study. 
There are two components in the ARCHy^GARCH models that can be 
forecasted: the conditional mean of AP and the conditional variance h^. We are more 
interested in the latter, the conditional variance, as it can be used as a proxy for 
volatility. Two estimated models are selected to forecast the conditional variance for 
Hang Seng Index and the five firms. 
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One-step-ahead forecasts are generated. The forecasts of the conditional means 
in the standard GARCH(1,1) model are: 
A A 
AP,+i = 9 , ^P, ； (4.9) 
A 
where 9 , are the maximum likelihood (ML) estimates of the AR(1) coefficients. One-
A 
step-ahead forecasts of the conditional variance hf^ �a r e given by: 
/2,2+1 = a � + a i S ? + P i h) ； (4.10) 
A A A 
where a �， a ! and P ^ are the ML estimates of the coefficients in the conditional 
variance equation; 
A ^ A 




/z,2 is the estimated conditional variance at time t based on the residuals s ^ . 
As the actual values of volatility do not exist for the forecast period, so it is 
impossible to compare the models' forecast accuracy directly. Some summary 
statistics of these forecasts for each set of data series are presented in Table 13. The 
forecast values of the conditional variance for HSI and the five firms are plotted in 
Figure 3, from which we see that predicted volatility for all the data are extremely 
high in October 1997，which corresponds to the shock to the Hong Kong stock market 
caused by the Asian financial turmoil. 
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Table 13. Basic statistics of the one-step ahead forecast of the volatility 
Model Log-L Mean S.D. Maximum Minimum 
~ ~ M Model 1 ~~AGARCH-M~~7978.6~~~M^l .0118 .0799 .0880""" 
Model 2 EGARCH 7981.4 .0172 .0100 .0707 .0093 
CHGK Model 1"""GARCH-M~~~SeTu~"~^^^3 m 3 0 W u ! M 4 3 ~ 
Model 2 EGARCH-M 5649.2 .0237 .0103 .0763 .0139 
HSBA~~Model 1 ~~GARCH-M~~~5996.7~~~^^ ^ 4 6 WTl ^Ml4~~ 
Model 2 EGARCH 5996.3 .0236 .0113 .0824 .0115 
HSBC"~Model 1 ~~~GARCH-M~~~60^"""^^0^ M ^ W n H ^ ~ " 
Model 2 AGARCH-M 6062.2 .0210 .0099 .0677 .0125 
HUTI~~Model 1 " " ^ A G A R C H - M ~ " 5 6 B ? 7 ~ ~ ^ 1 H T s ! ^ ^ ^ 7 ~ ~ 
Model 2 EGARCH 5615.1 .0245 .0105 .0747 .0139 
TELE~~Model 1 GARCH 5 S f O ~ ~ S ^ ^ ^ ~ ~ 
Model 2 GARCH-M 5872.1 .0229 .0120 .0974 .0133 
Note: "Log-L" is the log-likelihood value for the estimated model; "S.D." is the standard deviation of 





In this thesis, the causality relation between stock retums and trading volume 
are examined using Hong Kong data for Hang Seng Index (HSI) and for five HSI 
constituents which consist of Cheung Kong (Holdings) Ltd. (CHGK), Hang Seng 
Bank Ltd. (HSBA), HSBC Holdings plc (HABC), Hutchison Whampoa Ltd. (HUTI), 
and Hong Kong Telecommunications Ltd. (TELE). It is found that in general the 
stock retums and trading volume are not independent. For HSI, the causality runs 
from retums to trading volume while no causality from trading volume to retums. 
However, for firms, the causality runs from trading volume to retums but retums do 
not Granger cause trading volume except HUTI，for which retums and trading volume 
are found to be independent. We also divide the data into two parts by the estimated 
breakpoints from unit root tests, it is found that the estimated causal directions are 
robust in general. That is, the results hold in the sub-samples. 
The Hang Seng Index is a value-weighted market index composed of 33 r 
constituent stocks and account for about 70% of total market capitalization of the 
Stock Exchange of Hong Kong. Thus, its retums may be affected by many 
fundamental factors, for example, the performance of domestic economy growth, the 
strong link with overseas stock markets, the political factors, the government policies, 
and so on. 
For the Hang Seng Index, the causality test results show that stock volume 
changes can not be used to forecast future retums which follows a simultaneous 
information arrival model. Inversely, stock retums Granger cause trading volume, this 
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phenomenon can probably be explained by the noise traders' hypothesis, which 
suggests noise traders affect the performance of the stock market because of non-tax-
related motives as we mentioned in chapter two. 
The constituents of the HSI are those stocks that are either large in both 
capitalization and turnover or can represent the specific industry, as all these variables 
are time varying, they therefore vary from time to time. From the background 
information of these firms provided in chapter 4, we may find that there are several 
common features for these five firms although they belong to different industries, for 
example, solid foundation, substantial capital assets, diversified income sources, and 
balanced development portfolio. As the five chosen firms have similar characteristics, 
so it's is not surprising that there is similar causality directions between stock retums 
and turnover for them. 
The causality test results of the individual firms are opposite to those of the 
Hang Seng Index. These results are possible, because the trading of the five chosen 
HSI constituents not only depend on the market as a whole but also on individual 
company's performance. We may say that the sequential information arrival model， , 
the mixture distribution hypothesis, the non-tax-related motives for trading and noise 
trader models are all applicable in these cases. 
On the other hand, the behaviour of the HSI is the summary of its 33 
constituents. Thus, the causality direction may not be the same as those of the five 
chosen firms as the factors determining its behaviour are more complicated. As the 
chosen five firms are large in both turnover and capitalization, they may play a 
significant role in the stock market. For example, once the stock price of HSBC 
increases which may be a signal for the whole market, causing the Hang Seng Index 
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to fluctuate，and then to stimulate the trading of the remaining HSI constituents which 
may not be large in turnover 
The main modelling approach in this study is the ARCH/GARCH models for 
stock retums series. The past values of trading can be used to forecast the future 
retums of the company which are utilized in the GARCH modelling. Several 
summary statistics suggested the use of GARCH framework. First, the modified Box-
Pierce statistics for the retums and for the squared retums are all highly significant 
which indicate the possible presence of time-varying risk premiums and volatility. 
Then, the residuals of the AR(1) models exhibit serial correlation and heteroscedastic 
variance. All these characteristics support the are of the GARCH modelling. It is also 
found that the benefit of including additional parameters beyond p + q>2 are small, 
so only the GARCH models withp + g= 2 are reported. 
Several GARCH models are compared based on the maximum log-likelihood 
(log-L) values. The same modelling procedure is applied to data for individual firms. 
All test statistics suggested that the GARCH models under conditional t -distributed 
errors are significantly better models, compared to those with normally distributed � 
error structure. 
For the HSI, the GARCH(l,l)-M, AGARCH(l,l)-M and EGARCH(1,1) 
models perform better than other alternatives. The estimated positive market risk 
premium for the expected volatility in the GARCH-M models are consistent with the 
model of risk averse investor. The estimated AGARCH-M model suggests that only 
the magnitude of the past shock is important. The asymmetric EGARCH model 
successfully captures the leverage effect, suggesting the negative shocks introduced 
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more volatility than positive shocks. These are consistent with the finding of Engle 
andNg(1993). 
For the individual firms, the GARCH(l,l)-M, EGARCH(l,l)-M, and 
AGARCH(l,l)-M models are better than other GARCH models in comparing the log-
L values. These results are similar to the estimation results of the market index. Their 
estimated parameters are presented in Table 11. It is found that the retums series 
which are explained by the lag values of trading volume perform equally well when 
compared with regressing on its own lags. 
In addition, integrated GARCH(IGARCH) effect (the persistence in volatility) 
is tested for all series. The sum of the estimated coefficients in the GARCH(1,1) 
model is close to unity for both the HSI retums and the retums of five firms, 
suggesting a high persistence in the arrival of new information. However, this effect is 
statistically rejected for all series. 
Besides, to test whether the temporal aggregation effect of GARCH process 
exists, the procedure in Drost and Nijman (1993) is followed. We re-estimated the 
GARCH(1,1) model for the HSI retums at different frequencies like N 二 1, 3, 5，10, � 
weekly and bi-week trading days. It is found that temporal aggregation of the data 
reduce the measured persistence in the GARCH(1,1) models. Although the integrated 
GARCH effects are in general do not exist in the data, the sum of estimated 
coefficients for low frequency data are smaller in magnitude than those for high 
frequency data. Moreover, the log-L values for high frequency data are significantly 
higher than those for the lower frequency data. Furthermore, the statistical 
significance of the estimated parameters increased with the data frequencies. 
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Finally, as forecasts of volatility are critical for the design investment 
strategies of investors, out-of-sample forecasts of the conditional variance in the 
GARCH modelling (a proxy for volatility) for all stock retums series are generated. 
Two estimated models are selected and the predicted volatilities are plotted. It is 
found that the predicted volatilities are extremely high in October 1997, which 
correspond to the outbreak of the Asian financial turmoil. It has been proved that the 
ARCH model and its various extensions are very effective tools in the volatility 
process analysis, it is now further supported the analysis of Hong Kong data. 
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Appendix 
List of Constituent Stocks of the Hang Seng Index 
No. Company Name 
1. Hang Seng Bank Ltd. 
2. HSBC Holdings plc 
3. The Bank of East Asia, Ltd. 
4. Hutchison Whampoa Ltd. 
5. Swire Pacific Ltd. "A" 
6. Wheelook And Co., Ltd. 
7. Henderson Land Development Co. Ltd. 
8. First Pacific Co. Ltd. 
9. CITIC Pacific Ltd. 
10. Guangdong Investment Ltd. 
11. China Resources Enterprise, Ltd. 
12. Cheung Kong (Holdings) Ltd. 
13. The Wharf (Holdings) Ltd. 
14. Hang Lung Development Co. Ltd. 
15. Henderson Land Development Co. Ltd. 
16. Hysan Development Co., Ltd. 
17. Sun Hung Kai Properties L td . . 
18. New World Development Co. Ltd. 
19. Great Eagle Holding Ltd. 
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List of Constituent Stocks of the Hang Seng Index (Continued) 
No. Company Name 
20. Hopewell Holdings Ltd. 
21. Sino Land Co. Ltd. 
22. Amoy Properties Ltd. 
23. The Hongkong & Shanghai Hotels, Ltd. 
24. Shangri-La Asia Ltd. 
25. Shun Tak Holding Ltd. 
26. Cathay Pacific Airways Ltd. 
27. China Light & Power Co. Ltd. 
28. The Hong Kong and China Gas Co. Ltd. 
29. Hongkong Electric Holdings Ltd. 
30. Hong Kong Telecommunications Ltd. 
31. Cheung Kong Infrastructure Holding Ltd. 
32. Television Broadcasts Ltd. 
3 3. South China Moming Post (Holding) Ltd. 
Note: Stocks: Finance: 1-3; Consolidated enterprises: 4-11; 
Properties: 12-22; Hotels & catering: 23-26; 
Utilities: 27-30; Miscellaneous: 31-33. 
Sources: Hong Kong Economic Journal Monthly, Hong Kong, October 1997. 
The Stock Exchange of Hong Kong Limited. 1997. Annual Report of the 
Stock Exchange of Hong Kong Limited 1996. Hong Kong. 
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